Accurate atmospheric correction is an important pre-processing step for studies of multitemporal landcover mapping using optical satellite data. Model-based surface reflectance predictions (e.g. 6S -Second Simulation of Satellite Signal in the Solar Spectrum) are highly dependent on the adjustment of aerosol optical thickness (AOT) data. For regions with no or insufficient spatial and temporal coverage of meteorological ground measurements, MODIS derived AOT data are a valuable alternative, especially with regard to the dynamics of atmospheric conditions. In this study, atmospheric correction strategies were assessed based on the change in standard deviation (σ) compared to the raw data and also by machine learning landcover classification accuracies. For three Landsat 8 OLI (acquired in 2013) and two RapidEye (acquired in 2010 and 2014) scenes, seven different correction strategies were tested over an agricultural area in south-east Ireland. Visibility calculated from daily spatial averaged TERRA-MODIS estimates (1° × 1° Aerosol Product) served as input for the atmospheric correction. In almost all cases the standard deviation of the raw data is reduced after incorporation of terrain correction, compared to the atmospheric corrected data. ATCOR®-IDL based correction decreases the standard deviation almost consistently (ranging from -0.3 to -26.7). The 6S implementation in GRASS GIS showed a tendency of increasing the variation in the data, especially for the RapidEye data. No major differences in overall accuracies and Kappa values were observed between the three machine learning classification approaches. The results indicate that the ATCOR®-IDL based correction and MODIS parametrisation methods are able to decrease the standard deviation and are therefore an appropriate approach to approximate the top-of-canopy reflectance.
Introduction
The electromagnetic radiation recorded by earth observation (EO) satellites is influenced by a composition of gases and aerosols in the atmosphere, due to scattering and absorption (Song et al. 2001) . For the analysis of multi-temporal landcover patterns it is essential to reduce this effect, in order to obtain comparable surface reflectance values. In contrast to simple imagebased correction methods, such as dark object subtraction (DOS) (Chavez 1988) , radiative transfer models are designed to approximate the atmospheric conditions at the time of image acquisition. The Second Simulation of Satellite Signal in the Solar Spectrum (6S) (Vermote et al. 1997) and MODerate resolution atmospheric TRANsmission (MODTRAN®5) (Berk et al. 2006 ) models are widely used and accepted for estimating the propagation of electromagnetic radiation in the atmosphere (Mahiny and Turner 2007; Balthazar et al. 2012; Burns and Nolin 2014; Mannschatz et al. 2014) . Both models are dependent on and highly influenced by the parametrisation of aerosol optical thickness (AOT) (τ α ), a dimensionless measure to quantify the degree of restriction of the electromagnetic transmission in the atmosphere (Mannschatz et al. 2014) . One of the most reliable sources of AOT data is given by the global Aerosol Robotic Network (AERONET) records (Holben et al. 1998; Holben et al. 2001) . AERONET based atmospheric correction models are reported to achieve errors of less than 2% (Ju et al. 2012) and have been applied for validation of EO surface reflectance data (Vermote et al. 2002; Kotchenova et al. 2006) . However, in regions where the distance to the nearest station is large, the validity of measured ground data decreases rapidly, due to the spatially non-uniform composition of the atmosphere (Wilson et al. 2014) . At the moment, there is no active AERONET station in Ireland and historical measurements for Mace Head are only available for seven days in 2003 and 2004 . Given this circumstance, an alternative data source can be provided by aerosol estimates provided by EO missions, such as the MODIS sensors (Ju et al. 2012; Burns and Nolin 2014) . According to Chu et al. (2002) MODIS AOT data can be found within a retrieval error range (∆ ) of ∆ = ±0.05 ± 0.2 compared to more than 30 AERONET stations, with a root mean square (RMS) error up to 0.3 in coastal regions, mainly due to water contaminated signals. In an independent validation of MODIS AOT data by Levy et al. (2010) , 66% of the retrievals were in an expected error range of ±0.05 + 0.15 % (R = 0.9), compared to AERONET measurements at over 300 sites. Ju et al. (2012) 
validated a MODIS-based and Landsat Ecosystem Disturbance
Adaptive Processing System (LEDPAS) atmospheric correction strategy for Landsat ETM+ data on a continental scale over 26 AERONET station across the United Sates. A total of 82 acquisitions indicate that the MODIS-based approach reveals more accurate results in the red and longer wavelength bands than the image-based LEDPAS correction. An additional AOT data source can be provided by the multi-sensor GlobAerosol product (Wilson et al. 2014) .
After a quality assessment, the data of ATSR-2, AATSR, MERIS and SEVERI are merged using temporal interpolation (Thomas et al. 2010) , however the advantage of an enhanced spatial coverage is offset by an increased error (Poulsen et al. 2009 ).
In this study, visibilities (V) calculated in kilometres (km) from daily spatial averaged MOD08_D3 product is based on the latest version of the production algorithm (5.1), which forms a daily global product containing a range of scientific parameters, such as aerosol, water, vapour, cloud and atmosphere profile (Level-2) (Hubanks et al. 2008) .
Pre-processing
Cloud cover is one of the major limitations in successfully using optical remote sensing in
Ireland (Nitze et al. 2015) , and cloud shadows can further lead to distortions of the surface reflectance recorded by the sensor. As a result, all Landsat 8 scenes were masked according to the buffered result provided by the cloud screening tool Fmask (Zhu and Woodcock 2012) and clipped according to the Suir catchment extent (see Figure 1 ). For the MODTRAN®5 implementation in ATCOR®, the AOT must be adjusted by V in kilometres (km). This nonlinear relationship is formulised by Richter and Schläpfer (2013) as:
Based on the daily spatially averaged TERRA-MODIS AOT values in Table 1 , the mean elevation (E) for the particular area in kilometres (km) and the regression equations for a (z) and b(z) outlined by Richter (2014) , it was possible to derive acquisition dependent V (equations (2) and (3)):
( ) = 0.0198 × − 0.8558 2 = 0.9927
As a final step, the two Landsat 8 acquisitions from 20 July 2013 were mosaicked according to the mean value approach, after the particular atmospheric or topographic correction procedure. The aim was to gain a full coverage for the multi-temporal classification.
[ 
Atmospheric and topographic correction
A strong influence, in classification accuracy, is observed in mountainous areas where the slopes are oriented away from and towards the illumination by the sun, appearing darker and brighter respectively (Richter et al. 2009 ). Due to this, the same surface cover can be classified differently, which can cause an incorrect result. The different implementations of ATCOR® enable the correction of multispectral remote sensing data over flat terrain (ATCOR®2) as well as rugged terrain (ATCOR®3). The core difference is that the topographic correction in ATCOR®3 models the illumination conditions at the time of data acquisition based on terrain data and position of the sun and EO sensor. The aim of the topographic correction strategies is therefore to decrease the standard deviation for a respective class and to improve the stability of multi-temporal comparisons and change detection (Hantson and Chuvieco 2011) . The Minnaert (Minnaert 1941 ) correction assumes a Lambertian surface which is further approximated to a non-Lambertian surface by a model based factor. The empirical-statistical C-Factor (Teillet et al. 1982) approach is based on the assumed relationship of the terrain illumination and surface reflectance, requiring a DEM as explained in detail in Riaño et al. (2003) . The C-Factor correction strategy is ranked by a large number of studies as robust in terms of overall accuracy and/or reduction of standard deviation (Riaño et al. 2003; Vicente-Serrano et al. 2008; Richter et al. 2009; Hantson and Chuvieco 2011; Vanonckelen et al. 2013) , and is therefore included as the terrain correction method in this study for the 6S approach.
The parametrisation of the applied correction models was adjusted according to the metadata and based on the required aerosol and atmosphere types as outlined in Table 2 .
Moreover, the sensor and band dependent radiometric rescaling factors were extracted, for input to each of the MODTRAN®5 implementations. Landsat OLI top of atmosphere reflectance (TOA) was calculated according to USGS (2015) , and RapidEye TOA was derived as given in the Product Specifications (BlackBridge 2015).
[ In preparation of the ATCOR® based correction, slope and aspect, skyview and cast shadow data files were derived from the DEM by the respective tool in ATCOR-IDL® and ERDAS IMAGINE®. Subsequently, adjacency range (1 km) and ozone value (331) were set to default and no bidirectional reflectance distribution function (BRDF) was applied. Table 3 shows an example of an input parameter file used for the 6S atmospheric correction in GRASS GIS. Since V values up to 120 km are accepted in both MODTRAN®5
implementations, the parameter for the RapidEye scene 10 March 2014 was adjusted accordingly. The topographic influence was reduced for the 6S model with the C-correction
method, as implemented in the i.topo.corr function in GRASS GIS (GRASS Development
Team 2015).
Classification and comparison
The performance of the different correction strategies was evaluated based on machine learning classification accuracy measures and change in standard deviation compared to the raw data. Three non-parametric classifiers; Support Vector Machines (SVM), Random Forests (RF) and Extremely Randomised Trees were applied to the multi-temporal Landsat 8
dataset using the open-source Scikit-learn module (Pedregosa et al. 2011) in Python 2.7.6, similar to the approach discussed by Barrett et al. (2014) and Nitze et al. (2015) . Before the standard deviations were obtained, all data (Landsat 8 and RapidEye) were normalised to the range 0 -1000.
The applied classification schema consists of eight classes in line with the broad-scale habitat classification scheme of Fossitt (2000) 
Results and Discussion
The results indicate only marginal differences between the different correction strategies in terms of overall accuracies (OA), ranging from 86.3 % (RF and 6S and C-correction combined) up to 91.0 % (ERT ATCOR®2 ERDAS® and Raw data), as summarised in [FIGURE2]
The results of changes in standard deviation compared to the raw data after atmospheric and terrain correction are outlined in Figure 3 for Landsat OLI and in Figure 4 for RapidEye. [FIGURE3]
[FIGURE4]
Since all analysed strategies apply the correction of the atmospheric influence to all pixels based on one V value, and thereby not taking spatial variations into account, it is likely that the covariance of the classes is not altered (Wilson et al. 2014) . This reflects to some extent the small variations of OA and κ for the different correction strategies, tested for three different machine learning classification algorithms. Moreover, as indicated by the feature importance of the RF model, the Landsat OLI acquisition from 20 July 2013 contributes much more to the classification than the June image. Hence, the impact of the atmospheric correction is low. As outlined by Lu et al. (2002) , the impact of aerosol particle scattering on the NIR and SWIR part of the electromagnetic spectra is negligible, and it is mainly influenced by absorption due to water vapour and other gases. Conversely, the visible bands of earth observation data are largely affected by Rayleigh and aerosol scattering. The major increase in standard deviation after the 6S correction for the IR part of both sensors can be explained by the non-consideration of acquisition dependent water vapour and other atmospheric gases. However, when comparing different correction strategies Richter et al. (2009) pointed out that no best technique can necessarily be proven since the results may change with regard to area of interest and scale.
Conclusion
The parametrisation of V by MODIS derived Aerosol Optical Thickness estimates is In addition, more effort should be made in order to test the performance of the 6S implementation in GRASS GIS with regard to non-predefined atmospheric models. All tested atmospheric and topographic correction strategies represent a modification of the raw image and affect the distribution of the data, which can lead to confusion and change in overall accuracies when the data are used for classification. For a robust investigation on the effect of AOT parametrisation on the different correction strategies further research is required. For this, a more detailed knowledge of different landcover classes in terms of standard deviation and classification accuracy is recommended. The calibration of MODIS derived AOT estimates by ground-based meteorological measurements to enable a global cover of V values for atmospheric correction could therefore further improve the approximation of surface reflectance in the future. Moreover, if no atmospheric correction can be performed by the user, the L8SR data can be seen as a reliable alternative. 
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